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4.5 (A) Close-up image of equatorial arcs of the TREPHMeCyCo6 pattern
used to calculate the angular distribution of hexagonal bundle orientation
with respect to the main ber axis. Speci c arcs used for tting the angular
distribution are labeled with their reciprocal distances. (B) Schematic rep-
resentation of the model for the hierarchy of order within the macroscopic
ber. The angle of individual bundles with respect to the main ber axis
illustrates the origin of axial disorder in the X-ray diffraction pattern. Bun-
dles of stacks are represented as seven hexagonally packed hexad stacks,
but the bundle size calculated from arc widths is ca. 400 hexad stacks. (C)
Calculated diffraction pattern for the model of TAR4MeCyCo6 shown
in Figure 4.3D, with 100 hexads and with @it with respect to the vertical
axis. (D) Calculated diffraction pattern for the model of TRRAMeCyCo6
shown in Figure 4.3D, with 100 hexads and witht#t with respect to the
vertical axis. Red solid arcs overlaid on calculated patterns C and D show
where intensities were measured for determining the weighting function for
summation of calculated patterns to best t the experimental pattern. Pat-
terns shown in C and D are the sums of patterns calculated with the structure
rotated, in 10increments, about the z axis. (E) Thin colored data curves are
the intensities of arc indicated in panel A, with color coding indicating cor-
respondence with with inverse distance labels in panel A. Solid black curve
is the RMSD best- t curve resulting from the summation of arc intensities
extracted from calculated patterns for tilt angles of axial rotation ranging
from O to 24 with the weighting functiorf ( ) = Asin( )exp( k P), the
shape of which was adjusted using parameferk, andp to nd the best
t as a function of (hexad stack tilt angle). (F) Weighting function for
the angle of bundles with respect to the main ber axis based on the tting
of calculated arc intensities with experimental arc intensities, as shown in
panel E. . . . . . . 85
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4.6

4.7

(A) X-ray diffraction pattern of a ber composed of a TAP and CyCo6 in

a 1:1 ratio. The orientation of the ber is vertical relative to the diffraction
pattern. The strong re ection located at layer line 8 is at a reciprocal dis-
tance of 3.4A from the equator and indicative of hexads stacked along the
ber axis. (B) Calculated diffraction pattern based on a 100-hexad stack
with a helical twist of -15 per hexad and with the hexanoic acid tails fully
extended in the plane of the hexads. The pattern shown is the summation
of patterns generated by the summing of individual patterns generated from
a 100-hexad stack that was precessed about the z-axis with variable angles
of tilt from the z-axis. Additional details on the generation of this pattern,
including weighting of patterns with different stack tilt angles, are provided
in the text. (C) Pattern generated the same way as the pattern shown in B,
except using a model hexad stack in which the hexanoic acid tails were ro-
tated 45 out of the plane of their associated hexads by rotation about the
C6-C bond that connects each cyanuric acid with a hexanoic acid tail. (D-
F) Three views of an idealized model of TAP-CyCo6 assemblies with the
helical twist of -15 per hexad. (G) Close-up images of the hexanoic acid
of two adjacent hexads from the model structure showninD-F. . . . . . ..

Model for the lattice packing of TAP-CyCo6 assemblies within bers. (A)
Black trace: Plot of diffraction intensities along the equatorial line of the
right-hand side of the pattern shown in Figure 4.6A. Red trace: Plot of pre-
dicted intensities for a centered rectangular lattice with single scatter at each
lattice point and lattice constants @t 37:9A andb = 27:7A. The excel-

lent correspondence of peak positions con rms the packing lattice of TAP-
CyCo6 assemblies. (B) Axial view of hexad stack model structures placed
in a centered rectangular lattice with lattice constanta ef 37:9A and

b= 27:7A. The close interstack spacing of 235s also emphasized. To
emphasize the overlap of the circumferences traced by these stacks the hex-
anoic tails of neighboring stacks are depicted in different shades of green
or red. (C) Edge view and skew view (E) of horizontally orientated hexad
stacks of (B) with center-to-center spacing of 2Aand the same color
scheme. (D) Edge view and (F) skew view of diagonally orientated hexad
stacks with center-to-center spacing of 28.&nd the same color scheme.
(G) View illustrating the most serious steric clashes that appear between
the helices shown in (F). In this representation the color scheme is the same
as in (F). Only the carboxylate groups of the lower helix of (F) with light
green ridges are shown. Blue circles emphasize the two groups with most
serious steric clash, which is complete overlap with carboxylate groups of
the stack with pink ridges. (H) Same view as (F) except that the C6-C
bond between the cyanuric acid group and the hexanoic acid tails is ro-
tated so that the fully extended tails are 4t of the plane of the hexads.
Note that with tails in this con guration the steric clash between carboxy-
late groups is potentially reduced by allowing the hexanoic acid tails to

interdigitate. . . . . . ... 90



4.8 (A) Stacking interaction energy at different twist angles for two hexads of
the TAP-Cy system. The rise value between hexads i#\3.&eometries
with twist angles from 120to 60 are the mirror images of those with twist
angles from 0to 60 . Dotted lines are extrapolations of the data between
0 and 60. (B) SAPTO0/aug-cc-pVDZ interaction energies and their compo-
nents for the TAP-CyCo6 system (dashed) and the TAP-Cy system (solid).
At 0 , the exchange repulsion caused by extensive overlap of TAP-CyCo6
tails results in high-energy con guration. . . . . . ... ... ... .....

4.9 (A) Representative snapshot of the MD simulations. CyCo6 and TAP are
depicted in green and blue, respectively. The simulations show that sodium
lons and water molecules can be captured within the hexad stacks, as dis-
played in the space- lling representation. (B) Histograms of the twist and
roll angles extracted from MD simulations utilizing the AMBER, GAFF,
and GAFF2 force elds. Histograms of the remaining structural parame-
tersare availableinthe SI. . . . . . ... .o oo

4.10 Analysis of the persistence length of TAP-Cy assemblies. (A) Individual
TAPAS-Cy and (B) TAP-CyCo6 bers obtained with AFM. These individ-
ual bers are extracted from the experimental data shown in Figure 4.2.
(C) Individual bers of double stranded DNA (Reprinted from Ref. [198],
Copyright (2014) with permission from Elsevier) (D) Simulated bers gen-
erated using the AMBER roll angle distributions scaled by (brown) 1, (grey)
0.5, and (blue) 2. All panels have the same 100 nm scale. Additional sim-

ulated bers are provided in the SI (Figure B.15). . . . .. ... ... ... 100

5.1 Awater hexamer illustrating the eight possible scenarios for including point
charges to the SAPTO procedure. (a) Subsystems A and B are the inter-
acting fragments while subsystem C is the environment. Water molecules
drawn in ball-and-stick representation are selected for possible substitu-
tion with point charges. (b) The eight possible ways for including partial
charges in the SAPTO procedure. The water molecules drawn in ball-and-
stick representation are substituted with point charges. The water molecules
are colored using the standard F-SAPT order-1 visualization scheme, which
shows the total interaction energy of a given water molecule in A(B) with
the entirety of subsystem B(A). Red color indicates an attractive interaction
whereas blue color indicates repulsive interaction. . . . . . ... ... ...
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5.2

5.3

5.4

5.5

Al

The water trimer geometry and interaction energy. (a) The water trimer
at equilibrium. The shaded water molecule is treated as either a QM or a
TIP3P molecule. It can be grouped with A or B or it can be the environment
subsystem environment C. The energy is computed at various con gura-
tions where the shaded molecule is displaced from the equilibrium geom-
etry along the y-axis. The equilibrium geometry is taken from Ref. [241].
(b) The SAPTO/jun-cc-pVDZ interaction energy for the water trimer at var-
lous con gurations and partitions of the shaded water molecule. The inset
displays the error in the SAPTO components when the shaded molecule,
grouped with A (solid) or with B (dashed), is substituted by TIP3P point
charges. . . . . . . . e 126

Two protein-ligand systems whose interaction was explored in a multi-
layered approach. (a) and (c) display the ligands and the protein binding
pockets for systems with PDB IDs 4X8T [242] and 5PB1 [243], respec-
tively. The ligand in (a-b) is neutral whereas the ligand in (c-d) has a charge
of +1. (b) and (d) display the ligand and portions of the protein divided to
ve color-coded layers. The ligand is displayed in gray. The rst through
the fth layers are colored purple, orange, green, red, and blue, respec-
tively. The layers were manually assigned based on rough geometric and
chemical criteria. For (a-b), the number of atoms, excluding the ligand, is
83 (layer 1), 110 (layers 1-2), 168 (layers 1-3), 236 (layers 1-4), and 281
(layers 1-5). For (c-d), the number of atoms is 75 (layer 1), 118 (layers 1-
2), 182 (layers 1-3), 258 (layers 1-4), and 312 (layers 1-5). The number of
atoms here exclude any capping hydrogen atoms not present in the protein.
For both systems, the total charge, excluding the ligand, is -1 (layers 1, 1-2,
1-3), -2 (layers 1-4), and -3 (layers 1-5). . . . . . ... .. ... .. .... 128

SAPTO/aug-cc-pV(D+d)Z Interaction energy and its components (kcafjnol

for the protein-ligand system shown in Figure 5.3 (a-b). The color scheme
used here corresponds to the layers shown in Figure 5.3 (b). The MM lay-

ers are represented by AMBER charges [226], with the charges of capping
hydrogen atoms set to zero. The rst point in each line represents a purely
guantum mechanical SAPTO calculation. . . . . . .. ... .. ... .... 129

SAPTO0/aug-cc-pV(D+d)Z Interaction energy and its components (kcafnol

for the protein-ligand system shown in Figure 5.3 (c-d). The color scheme
used here corresponds to the layers shown in Figure 5.3 (d). The MM lay-

ers are represented by AMBER charges [226], with the charges of capping
hydrogen atoms set to zero. The rst point in each line represents a purely
guantum mechanical SAPTO calculation. . . . . . .. ... ......... 131

Representative snapshots for the DNA-CA assemblies for the simulations
starting from a hexad geometry. . . . . . . . .. ... .. .. ... ... 144
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The structure of the DNA-CA assemblies. (a) The initial structure for the
MD simulation has inclined nucleobases. (b) A noncovalent helicene struc-
ture is favored during the MD simulation. . . . . . ... ... ... .... 145

Representative snapshots for the DNA-CA assemblies for the simulations
starting from a geometry with inclined bases. . . . . . .. ... ... ... 146

The structure of the DNA-CA assemblies with a 6:5 ratio between the num-

ber adenine and CA units. (a) The initial structure of the assemblies. The
arrows show 10 locations where CA units were removed from the assem-
blies. The deleted CA units were randomly chosen. (b) The structure fa-
vored during the MD simulation shows the formation of noncovalent he-
licene. The absence of CA units causes discontinuity in the helicene struc-
ture. Close-up images of the assemblies are shown in (c) and (d). The
backbone is omitted forclarity. . . . . ... .. ... ... .. .. .. ... 146

The structure of the DNA-CA assemblies with a 6:5 ratio between the num-

ber adenine and CA units. (a) The initial structure of the assemblies. The
arrows show 10 locations where CA units were removed from the assem-
blies. The deleted CA units were randomly chosen. (b) The structure fa-
vored during the MD simulation shows the formation of noncovalent he-
licene. The absence of CA units causes discontinuity in the helicene struc-
ture. Close-up images of the assemblies are shown in (c) and (d). The
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The structure of the DNA-CA assemblies with antiparallel strands. (a) The
initial structure for the MD simulation with a hexameric rosette con g-
uration. (b) A noncovalent helicene structure is favored during the MD
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The structures of the RNA-CARC assemblies. Three initial geometries
used as inputs for the MD simulations and three snapshots from the simu-
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semblies. The poor overlap between the two colors shows the instability
of the structure of the assembly. The black line shows the structure of the
canonical A-formforRNA. . . . . . . . . .. 187

A series of ber diffraction patterns for a uniform hexad ber with vary-

ing twists. The ber consists of 5TAP-R-4MeCyCo6 hexad stacks with

a vertical separation distance “rise” of 3.4 Angstroms and with hydrogen
atoms removed. The displayed diffraction patterns are generated by sum-
ming 36 7 individual diffraction patterns to account for rotational varia-
tions in the orientation of the ber with respected to the incoming light
beam. The whole ber is rotated around its helical axis from 0 to 350 de-
grees in steps of 10 degrees. Additionally, the ber is tilted around the
axis of the incoming light beam from 2 degrees to 14 degrees in steps of 2
degrees. The diffraction pattern is calculated at each combination of these
rotational states and the displayed patterns represent the sum of the individ-
ual diffraction patterns. The light beam has a wavelength of 77.49 pm and
the distance to the detector was set to 338.4 mm. The intensities are cal-
culated at a 255255 uniformly spaced grid between -100 and 100 mm in
both axes. The maximum color intensity of the plotted patterns was limited
so that more features of the diffraction pattern become visible. The blue
lines represent the layer lines for the diffraction pattern. . . . . . .. .. .. 189

Comparison of diffraction patterns calculated for hexad assemblies with
and without 4-methyl-hexanoic tails on cyanuric acid. Left) The calculated
diffraction pattern of a’TAP-Cy stack containing 100 hexads. Right) The
calculated diffraction pattern of BAP-R-4MeCyCo6stack containing 100
hexads. For both calculations the hexad stacks had a twist angle of.-261B0

Comparison of models ofAP-R-4MeCyCo6 hexad stacks with (Upper

Left) a twist of -26.7 and (Upper Right) a twist of +26.7Close up images

show how (Lower Left) each methyl group in the structure with a twist

of -26.7 is able to make a favorable contact with the hexanoic tail of an
adjacent hexad, and how (Lower Right) each methyl group in the structure
with a twist of +26.7 cannot make intra-helical contacts and is completely
exposedtosolvent. . . . . ... .. ... 190
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B.4

B.5

B.6

B.7

B.8

B.9

Simulation of the ber diffraction data for thed AP-4MeCyCo6 hexad

stacks for a series of tilt angles from 0 to 2&ach hexad stack consists of

100 hexad units. The twist angle and the helical rise are -261d 3.4A,
respectively. For each simulation, the hexad stack is tilted with respect the
axis of the light beam from O(Top left panel) to 24 (Bottom right panel).

Each pattern represents a sum of 36 individual patterns where the whole
ber is rotated around its helical axis from 0 to 350 degrees in steps of 10
degrees. . . . . .. e e 191

Simulations ofTAP-CyCo6 ber diffraction patterns with twist angles of

15, 30, and 45. Each hexad stack consists of 100 hexad units. The
helical rise is 3.4A. Each panel represents a double sum of the diffraction
patterns. For each ber tilt angle from 20 14, in steps of 2, a series of
patterns were collected for the stack rotated about vertical axis from 0 to
350 in steps of 10. Thus, for each tilt angle 36 patterns were generated

and summed. Then, the seven resulting images, one for each tilt angle, were
summed to produce the image shown. Tilt angle is de ned as the angle at
which the ber is rotated from the vertical axis that is perpendicular to the
image plane. . . . . . . L 192

Interaction energies and their components for different roll values com-
puted with the zeroth-order symmetry adapted perturbation theory (SAPTO)
and the aug-cc-pVDZ basis set. The energies are computed between two
rigid TAP-Cy hexads. The helical rise and the twist angle are xed at 3.4

A and 30. The steep increase in the interaction energy indicates that the
hexad stacks prefers to maintain a near-parallel orientation of the hexad
unitsinthestacks. . . . . . . . . ... L 202

Interaction energies and their components for different rise values com-
puted with the zeroth-order symmetry adapted perturbation theory (SAPTO)
and the aug-cc-pVDZ basis set. The energies are computed between two
rigid TAP-Cy hexads. The twistangleis xedat30. . . .. ... .. .. 203

Histograms of the six geometric parameters for simulations with the AM-
BER, GAFF, and GAFF2 force elds for 20 hexads. The parameters are
illustrated in Scheme 4.1. . . . . . . .. ... .. ... .. .. ... ..., 206

Statistical distributions of the six geometric parameters for the AMBER
simulation for theTAP-CyCo6 system. The distributions for hexadep-

resent the relative orientation of hexiadith respect to hexad 1. Dashed

lines show the locations of trapped sodium cations. The violin plots show

the mean, extrema, and distributiondensity. . . . .. ... ... ... ... 207
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B.10 Statistical distributions of the six geometric parameters for the GAFF2 sim-
ulation for theTAP-CyCo6 system. The distributions for hexadepresent
the relative orientation of hexadvith respect to hexad 1. Dashed lines
show the locations of trapped sodium cations. The violin plots show the
mean, extrema, and distributiondensity. . . . .. .. ... ... ... ... 208

B.11 Statistical distributions of the six geometric parameters for the GAFF sim-
ulation for theTAP-CyCo6 system. The distributions for hexadepresent
the relative orientation of hexadvith respect to hexad 1. Dashed lines
show the locations of trapped sodium cations. The violin plots show the
mean, extrema, and distributiondensity. . . . . ... ... ... ... ... 209

B.12 Close-up images of the capture of sodium cations and water molecules be-
tweenthe hexadstacks. . . . . .. ... ... .. ... .. .. ... ... 210

B.13 Roll angle histograms and continuous function ts of roll angles extracted
from MD trajectories ofTAP-Cy stacks. A) Roll angles measured between
adjacenfTAP-CyCo6 hexads, as illustrated by inset, from MD trajectories
of 20 stacked heads that were run for 10 ns after initial equilibration with
three different force elds; AMBER, GAFF, and GAFF2. Due to end ef-
fects, from the 3 and 2¢" hexads of the 20-hexad stacks being exposed to
solvent, the outermost hexads exhibited roll angle values and distributions
that were signi cantly greater than the other hexads of the stacks. Thus,
the roll angle values used to create the histogram shown in plot were lim-
ited to values derived from hexads 3 through 18 for the trajectory run with
the AMBER force eld, and hexads 7 through 14 for the trajectories run
with the GAFF and the GAFF2 force elds. Continuous functions for each
histogram data set were obtained by tting each data set with the func-
tionf () = Asin( )exp( k P=0:596), which represents the probability
distribution for roll angle, , for a potential energy function that varies as

k P, with a density of states de ned ksin( ), with the normalization
constantA, and where 0.596 is RT in kcal mdl at room temperature.
RMSD best ts values, with curves shown on graph, were found to be:
k =0:629 p = 1:605 andA = 89011for the AMBER data sek = 0:351,

p = 1:604 andA = 20253for the GAFF data sek = 0:333 p = 1:308

andA = 16061 for the GAFF2 data set. See Molecular Dynamics Sim-
ulations section in the Methodology section of main text for details. B)
Curve generated to produce random roll angles with a distribution of that
exhibited by the histogram of AMBER roll angles presented in A. Curve
was produced using the inverse transform sampling method, or Smirnov
transform [265]. . . . . . . . . 214
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B.14 lllustration of how 3D roll angles extracted from MD simulations were used
to create theoretical 2D contour paths of stacked hexad polymers. A) The
contour path of a polymer is constructed as a series of vectors that lie within
the same 2D plane (blue rectangle). Each vector represents the path of the
polymer between two adjacent hexads. As illustrated, each vector can be
viewed as the normal to the plane of each hexad of a polymer (assembly of
stacked hexads) that lies within the 2D plane, such as on an AFM imaging
surface. In the scale model polymers the normal vectors are 0.34 nm in
length and are placed head-to-tail along the path of the polymer, represent-
ing the constant distance of 0.34 between adjacent, stacked hexads. In this
gure panel the vectors representing six hexads%toi 1) have already
been placed by the construction algorithm anditheector is next to be
placed. B) The rst step in determining the angle at with ifierector will
be placed on the contour path with respect toithd vector is to select
a random roll angle,, with a probability for the value that, statistically,
mirrors the distribution of values measured in the MD trajectory. For the
data set of values shown in Figure S11A, random roll angle values with this
distribution are easily obtained using the inverse transform curve show in
Figure S11B. Speci cally, a random number generator is used to obtain a
number between 0 and 1. The random roll angle value is then obtained as
the y value for the curve of S11B for the value along the x axis that corre-
sponds to the random number obtained from the random number generator.
The roll angle is shown in B as the ang|eat which the red vector tilts away
from the vertical z axis. C) Because the roll angles derived from the MD
simulations were for a hexad stack that was not con ned, these roll angle
values need to be adjusted for the case of a polymer con ned to a 2D plane,
and for modeling the 2D persistence length. In 3D the roll angle between
two hexads can occur in any direction,about the z axis. To represent this
fact, a random number between 0 andig obtained and the value of this
number is considered to be the direction of the roll angle ofitheector
in polar coordinates, ;. As shown in C. D) Because the polymer is con-
ned to a 2D plane the restriction that this con nement places on the roll
angles between hexads is implemented by only retaining the component of
the roll angle that is within a 2D plane that is de ned as the plane of the
polymer. With the plane in A being orientated parallel to the z axis and the
axis de ned by = 0, the projection of the roll angle in the 2D plane is

icoq i). E) With the roll angle in the 2D plane determined, the tail of the
i vector is placed at the head of th&-1 vector. The direction of th&"
vector is determined by rotating th® vector by jcoq ;) with respect to
the direction of the'"-1 vector. This process is repeated for the number of
monomer (e.g., hexad) units inthe polymer. . . . . . .. ... ... .... 216
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B.15 Simulations of 2D polymer paths based on roll angle values derived from

C1l

C.2

the curve tto the AMBER force eld histogram of stacked-hexad roll an-
gles shown in Figure S10. To generate 2D paths from the distribution of
3D roll angles, the magnitude of polymer bending between each neighbor-
ing stacked hexads was calculated in polar coordinates and then projected
onto a 2D plane. The 3D roll angle between each pair of stacked hexads,

in standard polar coordinate notation, was randomly selected from the
probability distribution function derived from the curve that was t to the
AMBER force eld histogram. To determine the fraction of the roll angle
that would contribute to bending within the 2D plane, a random angle for
the direction of the bend, in standard polar coordinate notation, was se-
lected from and equal probability distribution between 0 and Ben, with
the reference frame that the angle= 0 was parallel to the 2D plane, the
amount of bending in the plane was determined by the projection of the roll
angle on the 2D plane. For example, for an angselected from the dis-
tribution curve of roll angles, and an angleselected randomly from O to
2 the angle of bending between two stacked hexads within the 2D plane
iIs cos( ) Lastly, a 0.34 nm vector that de ne the normal of the second
hexad of an adjacent pair, as well as the spacing between stacked hexads,
is moved to the end of the previous hexad normal vector and rotated in the
plane by cos( ) relative to the previous hexad normal vector. This cal-
culation is repeated 1323 times produce a model polymer with a contour
length of 450 nm. In the six sets of simulations shown above, the cen-
ter simulation of each (brown background), was calculated with roll angles
taken from the derived AMBER roll angle distribution function. For each
set of ve polymers shown above the random number generators &od

(i.e., 3D roll angle) selection were the same. However, the roll angles
were scaled from left to right from 0.25the AMBER-based values to 4
the AMBER-based values. Explicitly, the left most polymers, on the ma-
genta background, have roll angles scaled by 0.25; the polymer on the gray
background, have roll angles scaled by 0.5; the middle polymer, on the
brown background, have roll angles scaled by 1; the polymers on the blue
background have roll angles scaled by 2; and the polymers on the green

background have roll angles scaled by 4. . . . . . .. .. ... ....... 217

Histograms showing the closest distance between each atom in the MM
layer and the all ligand atoms. For these distributions, the MM layer include
capping hydrogen atoms. The layers correspond to the color-coded portion

of the protein shown in Figure 3 (b) of the main manuscript. . . . . . . . .. 222

Histograms showing the closest distance between each atom in the MM
layer and the all ligand atoms. For these distributions, the MM layer include
capping hydrogen atoms. The layers correspond to the color-coded portion

of the protein shown in Figure 3 (d) of the main manuscript. . . . . . . . .. 223
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SUMMARY

In recent years, no event has been more consequential than the emergence of the Covid-
19 pandemic. Covid-19 has disrupted the globe at an unprecedented scale and has caused
profound changes to our daily lives. Our inability to control the pandemic for a year and a
half, and counting, has forced a critical reexamination of all aspects of our social system.
Other factors aside, one would conclude that our knowledge of viruses is rudimentary and
our understanding of their chemistry is narrow.

Yet, Covid-19 is essentially just a single-stranded RNA. RNA and its more famous

cousin DNA have been known for a very long time. The DNA duplex structure, which is
ingrained in the popular knowledge of chemistry and biology, was discovered in the 1950s,
and DNA was rst identi ed in the late 1860s. This history notwithstanding, the Covid-
19 pandemic does indeed prove that our knowledge of DNA and RNA, their chemistry
and their biology, is limited. It is a fascinating feature of science that the familiar and the
mysterious are intertwined. Some under-explored facets of DNA and RNA, though none
are of immediate relevance to Covid-19, are the topic of this thesis.

The rst question that the thesis asks is how the chemical structure of nucleic acids
dictates their three-dimensional geometry. A survey of the class of nucleic acid polymers,
of which DNA and RNA are just two manifestations, reveals a remarkable diversity in their
structural organizations. In fact, DNA itself can adopt varying geometries, from the familiar
B-form helix to the less common, RNA-like A-form conformation. To answer this question,
Chapter 2 develops a general framework and a software program, the proto-Nucleic Acid
Builder, for the prediction of the three-dimensional structure of nucleic acid polymers. The
program models the structure of DNA and RNA and their analogs (XNAs) as being de-
pendent on the helical organization of the nucleobases and the speci ¢ arrangement of the
backbone atoms analyzed in terms of the backbone torsional angles. The three-dimensional

structures where the nucleobase orientation and the backbone torsional angles are compati-
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ble and where the atoms have favorable noncovalent interactions are the physically possible
structures for nucleic acid polymers.

Chapter 2 develops a methodology for predicting the structure of DNA, RNA, and their
analogs in isolation. However, interactions between nucleic acids and their surrounding can
signi cantly impact their structure and function. Chapter 3 explores this area by modeling
the interaction between DNA/RNA and a small organic molecule, cyanuric acid, in solu-
tion. Molecular dynamics simulations reveal a novel noncovalent helicene structure where
three poly(adenosine) oligomers and cyanuric acid molecules form a continuous helical
hydrogen-bond network. The balance between stacking interactions, hydrogen bonding
interactions, and backbone preorganization determines the structure of these remarkable
supramolecular assemblies.

Stacking and hydrogen-bonding interactions between nucleobases are largely responsi-
ble for the stability of DNA and RNA in solution. Nevertheless, when those nucleobases
are mixed in the absence of a backbone, they fail to self-assemble in solution, raising the
guestion of how these nucleobases were originally selected for information transfer. One
proposed solution is that alternative nucleobases capable of self-assembly, such as cyanuric
acid and triaminopyrimidine, were the original information carriers. In Chapter 4, we ex-
plore the structure and noncovalent interactions of one such supramolecular polymer using
experimental and computational tools. We con rm the ability of these bases to form ex-
tended hexameric rosette structures. Then, we analyze the properties of these assemblies,
including their highly sensitive helical structure and unusual stiffness, and compare them
to the properties of DNA and RNA. We show that the properties of these supramolecular
assemblies stem from the underlying noncovalent interactions between the bases.

In Chapter 5, we explore how we can model noncovalent interactions both accurately
and realistically for macromolecules, such as proteins and DNA, an essential question if we
want practically meaningful theoretical models. Accurate quantum mechanical methods

are computationally intensive and therefore are typically limited to a few hundred atoms.
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By contrast, classical methods are applicable to large systems, albeit with a reduced ac-
curacy. We show that these two approaches can be combined for accurate and affordable
modeling of noncovalent interactions. Speci cally, we couple symmetry adapted perturba-

tion theory, a quantum mechanical method, with an external classical potential represented
by point charges, and we show that interaction energies and their decomposition to elec-
trostatics, exchange-repulsion, induction/polarization, and London dispersion components

can be accurately computed.
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CHAPTER 1
INTRODUCTION

In this chapter, we introduce the necessary background for understanding the theoretical
methods used in this thesis. The methods utilized here are either quantum mechanical
(QM) or classical molecular mechanical (MM) methods. In QM methods, the contribution
of the electrons to the total energy of the system is explicitly calculated. By contrast, MM
methods typically treat molecular systems as a collection of rigid balls connected by elastic
springs that obey classical Newtonian mechanics. We will also introduce the structural
parameters describing the nucleobase orientation and the backbone conformation which

will be encountered in this thesis.

1.1 Quantum Mechanical Methods

1.1.1 TheSchidingerequation

Non-relativistic time-independent QM methods start with the 8dimger Equation:
H=E, (1.1)

whereH is the Hamiltonian or total energy operatorthe wavefunction of the system, and
E is the total energy of the system. For molecular systems in the absence of an external
eld, the Hamiltonian in atomic units is de ned as:
1X X 1 X zZn X Zpzg X 1
i r i A + ATB + —, (12)
2 2M

R rj
i A Aj A>B /B i>j

I A

P P
where 3 r 7isthe sum of the kinetic energy of electrdns =, z—r  is the sum of

P
the kinetic energy of nucleh having massesl 4, Ai rZTA is the sum of the Coulombic



ZpZp
Ras

: : P . :
attraction between electronsand nucleiA, .5 is the sum of the Coulombic

P
repulsion between nucléi andB (i.e. the nuclear repulsion energy), and,, % is the
Coulombic repulsion between electrdnand]j . Ther 2 symbol is the Laplacian, second-

derivative, operator.

1.1.2 Electronicstructuretheory

The Schédinger equation is too complex to be solved exactly except for the simplest sys-
tems. Approximations are employed to make the equations tractable for chemical applica-
tions. We follow here the presentation of Szabo and Ostlund to introduce the major approx-
imations in quantum chemistry [1]. The Born-Oppenheimer approximation observes that
electrons typically move much faster than nuclei because the (rest) mass of the electron is
much smaller than those of the proton and neutrons, about 1800 times smaller. Thus, to a
good approximation, the nuclei can be considered stationary with respect to the electrons.

ZaZs g g constant.
AB

o P _ P
This implies that the term ~, 5—r % is zero and the term

This leads to a reduced electronic Hamiltonian:

X X X
ao= o XX

= r — (1.3)
2, A TA gy T
and a reduced electronic Séldinger equation
Ii‘el el = Ee e (1.4)

Traditionally, the nuclear repulsion energy, a constant, is also added to the electronic Hamil-
tonian. With this, the main task of quantum mechanical computational chemistry becomes
solving the “electronic structure” of molecules. Solving the electronic &tihger equa-

tion yields the energy of the systems and, through the wavefunction, other properties such
as the dipole moment.

Several theoretical approaches have been developed to tackle the electronic structure



problem, most prominent of which aed initio wavefunction methods and density func-
tional theory (DFT). Below we introduce sonad initio wavefunction approaches while

we refer the reader to the literature for introduction to DFT methods [2].

1.1.3 Theone-electrororbitalsandthe Slaterdeterminant

The orbital concept is foundational to most electronic structure methods. It arises from the
guantum mechanical description of the hydrogen atom, which shows that the electron can
occupy certain orbitals (i.e. s, p, d, ..., etc). The orbital description represents the exact
solution of the Schirdinger equation for the hydrogen atom. For many-electron systems,
which cannot be solved exactly, these one-electron orbitals are typically used to approx-
imate the wavefunction of the system. Speci cally, each electron in the many-electron
system has an associated set of one-electron orbitals. Then, the total wavefunction of the
system is represented in terms of these one-electron orbitals.

One of the simplest representation of the many-electron wavefunction in terms of the
one-electron orbitals is called the Hartree product. For a system with N electrons, the

wavefunction of the system is given by:

mp(X 1 X2; it X)) = i(X1) j(X2) i k(Xn), (1.5)

where ; are the one-electron orbitals of electrbmndx ; is the combined spin-position
coordinate for electrofh.

The Hartree product fails to satisfy the Pauli exclusion principle, as the wavefunction is
not anti-symmetric with respect to the exchange of any two electrons. This problem can be

xed by the use of the so-called Slater determinant, which ensures that the wavefunction is



antisymmetric. The Slater determinant is given by

i(X1)  j(X1) it k(xw)

1 i(X2) j(x2) irk(x2)

(1.6)
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i(Xn)  j(Xn) i k(X))

The one-electron molecular orbitalsare expressed as linear combination of atomic

orbitals:

= Cc (1.7)

whereC' are the expansion coef cients for the atomic orbitals The atomic orbitals

are typically represented by Gaussian-type basis functions.

1.1.4 TheHartree-Fockmethod

The Hartree-Fock method prescribes how to solve the electronid@alger equation
given a single Slater determinant as the approximate wavefunction. In the Hartree-Fock
method, each electron only experiences the mean eld of the other electrons. The elec-

tronic energy of a single Slater determinant is given by:

X X -

Ewe = h solH] soi = hjhjii+ o5 Qi1 (i, (1.8)

i ij

where
Z

hjhjji = dx1 ; (X1)h(x1) j(X1), (1.9)

X
h(i) = Erf Z—A, (1.10)

2 A I ai



and

z
[ij jklI] = dxidx, ;(X1) J-(Xl)r—:l'2 K(X1) 1(X1). (1.11)

Utilizing the variational theorem, which states that the expectation value of the energy for
any trial wavefunction is less than or equal to the true energy, minimizing the Hartree-Fock

energy with respect to the orbitalsyields:
fyex)=j ;j(x) (1.12)
wheref is the Fock operator:
f(i)= h(i)+ v (i). (1.13)

vIF (i) represents the average interaction of electiwwith all other electrons in the system.
Equation 1.12 is the Hartree-Fock equation.
To solve the Hartree-Fock equation, we substitute the de nition of the molecular or-

bitals (Equation 1.7) to obtain the matrix equation:
FC =SC , (1.14)

whereF is the Fock matrixC the orbital coef cient matrix,S the overlap matrix (i.e.
Sj = hj ji),and the orbital energies matrix. This is a generalized eigenvalue problem
that can be solved iteratively in a self-consistent eld manner. Solving this system of
equations yields the Hartree-Fock energy and the canonical molecular orbitals.

The Hartree-Fock theory represents a mean- eld approximation of the total energy.
The difference between the Hartree-Fock energy and the true energy is denoted the corre-

lation energy. Accurate computation of the correlation energy is important for chemical



applications, and therefore many post-Hartree-Fock methods have been developed. Be-
low, we introduce one of the most popular methods for computing the correlation energy,
the second-order Mgller-Plesset perturbation theory (MP2). We also introduce a pertur-
bation theory approach for computing noncovalent interaction energies, namely symmetry

adapted perturbation theory (SAPT).

1.1.5 Mgller-Plesseperturbatiortheory

The Mgller-Plesset pertubration theory is a popular method for computing the correlation
energy. Perturbation theory decomposes the Hamiltonian of the system into two parts, a
reference partH, whose solution is known, and a perturbation parthat modi es the

reference energy:
H=Hy+ V, (1.15)

where is the perturbation coef cient. We perform a Taylor expansion of the wavefunction

J il and the energ¥; in terms of , giving:

jii=i Qi+ ) Wie 2) @4 (1.16)

and

EE=EQ+ED+EP+ 1. (1.17)



Assuming the wavefunction is normalized, the Mgller-Plesset energy up to second order is

given by:
EP =h OjHe i (1.18)
ED =h @Qjvj O (1.19)
E® =h Qjvj O, (1.20)

In Mgller-Plesset perturbation theory, the reference Hamiltonian is de ned as the sum

of the Fock operators for all electrons:
Ho=  f (1.21)

and the perturbation operator is de ned as the difference between the true electron-electron

repulsion and the Hartree-Fock mean- eld description:

X 1
V= = viF (1.22)
i

i<j

The zeroth- and rst-order terms sum to the Hartree-Fock endfgy,. Obtaining the

second order energy requires the expression for the rst-order wavefunction:

X h Opnj O

@ i = B S B j
E i(O) E (0)

i @j (1.23)

6i

Then, after substituting the wavefunction by the molecular orbitals and some manipulation,

the second-order energy becomes:

E@ = (1.24)

1 X jlaijbj]  [a)jbili?
ijab at boi

wherea andb are the occupied orbitals amcandj are the virtual (unoccupied) orbitals.



The second-order Mgller-Plesset (MP2) energy is thus given by:

EMp2 = EH|: + E(z). (125)

Higher order perturbation effects can also be computed, with methods denoted MP3,
MP4, ..., MPn, for the third, fourth, and"rperturbation level. However, alternative meth-
ods, such as the coupled cluster approach, are typically preferred for accuracy and compu-

tational expense considerations.

1.1.6 Symmetryadaptederturbatiortheory

Symmetry adapted perturbation theory (SAPT) is an approach for computing noncovalent
interaction energies between two interacting systems [3]. The molecular Hamiltonian in

SAPT theory is de ned as:
B=Fa+Fg+ 0™+ WP+ WM, (1.26)

whereF, andFg are the Fock operators for monomers A and B, respecti¥R, is the
intermolecular interaction operator between monomer A and monomer B\ﬂ/élﬁdand

\/\\/ém) are the intramolecular uctuation potentials (describing electron correlation as in
Equation 1.22) for monomers A and B, respectively. At the zeorth-order level (SAPTO),
intramonomer correlation is neglected (ileandm are zero) and the intermolecular po-
tential is expanded to second order (ine= 2). This leads to the following SAPTO inter-
action energy decomposition to electrostatics, exchange-repulsion, induction/polarization,

and London dispersion components:



SAPTO — (100) (100) (200) (200) (20) (200) (200)
Eint - Eelst + Eexch +(Eind;resp + Eexch ind;resp + E HF )+(Edisp + Eexch disp)

= Eeaist + Eexch + Eing + Edisp-

(1.27)

The superscripts indicate the perturbation order, and are speci &"85. The E ﬁé’)

term, typically grouped with the induction, is de ned as the difference between the counterpoise-
corrected [4] Hartree-Fock interaction energy and the SAPTO electrostatics, exchange, and
induction terms:

E ng) — ENF (E(100) + E00) | £ (200) = (200)

int elst exch ind exch ind ) '

(1.28)

For a qualitative, ne-grained analysis of the interaction energy, Functional group SAPT
(F-SAPT) has been developed [5]. F-SAPT decomposes the total interaction energy to
functional group contributions, where a functional group is an electronically separable frag-
ment within either interacting molecule. F-SAPT provides detailed interaction energy data
between the functional groups in each monomer. F-SAPT also provides visualization tools
for qualitatively dissecting noncovalent interaction trends. For compirningmolecular
interactions, and more generally for computing dimer interaction energies in the presence
of a molecular environment, an intramolecular version of SAPT (ISAPT) has also been

developed [6].

1.2 Molecular Mechanics and Molecular Dynamics Methods

QM methods are computationally expensive. Routine applications of QM methods are
therefore typically limited to a few hundred atoms. Molecular mechanics (MM) methods,
also called force eld (FF) methods, provide an alternative more scalable approach for

computing the energy of molecules. All-atom MM methods bypass the electronic structure



problem by expressing the energy in terms of the interaction between atoms. Atoms and
bonds are typically represented as balls and springs that obey classical mechanics. MM

methods are introduced in standard computational chemistry books, such as Ref. [7].

1.2.1 Force eld energyexpression

Given the ball and spring model, the energy of a molecule in classical force eld methods
is typically represented as a sum of terms involving bonded and non-bonded interactions.

As a general expression, the force eld energy is given by:

EFF = Estr + Ebend+ Etors + EVdW + Eelst + Ecross; (1-29)

whereEg; is the bond stretching enerdypenq is the angle bending energyqs is the tor-
sional energy for bond rotations, q,, is the van der Waals enerdyes; is the electrostatic
energy, andess describes the coupling between the various terms, which is neglected in
some force elds.

Force elds differ in the precise expressions used for the various energy components.
For the AMBER [8] and Generalized AMBER Force Field (GAFF) [9], which are used
in this thesis, the bond stretching and angle bending energies are represented by harmonic

potentials, whereas the torsional energy is represented using a Fourier expansion:

X
Ee (r) = kpi(ri  roi)?, (1.30)
i2bonds
X
Ebend( ): kai( i Oi)zy (1-31)
i2angles
X L SERVA
Etors( ): %[1"' COQI’] i i)]’ (1-32)

i2torsions n

wherek,,; is the bond stretching force constant for the bond, is the equilibrium bond
length,k;; is the angle bending force constang,is the equilibrium bending angla,is the

torsional periodicity numben,; is the torsional barrier height, ang is the phase shift.
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The van der Waals energy is described in AMBER and some other classical force elds

using the Lennard-Jones Potential:

X

Evdw(r)z. 4 (ﬁ)12 (%)6, (1.33)

i<j

where j is the potential depth, and is the distance at which the van der Waals energy is
zero. For a given pair of atomsndj, ; and j are computed from theand values for

the two atom types using a speci ¢ combining rule. The AMBER and GAFF force elds

use the Lorentz-Berthelot rule, which calculates the geometric mear(ifer ; = P T

it

and the arithmetic mean for (i.e. j = 5

). In classical pair-wise force elds, the

electrostatic energy is the Coulomb interaction between atom-centered partial charges:

Eest(r) = A %, (1.34)
i<

whereq andq are the partial charges of atormandj, and where (not to be confused
with the permittivity constant) is a parameter that can be used to scale the electrostatic
energy (e.g. for 1-4 interactions in the AMBER force eld). For the AMBER and GAFF
force elds, the restrained electrostatic potential (RESP) model [10] is used for computing
the partial charges. The RESP procedure ts the classical electrostatic potential generated
by the atom-centered partial charges to the quantum electrostatic potential computed on
a grid, with a hyperbolic restraint being applied to the partial charges. RESP charges are

computed in this thesis using our recent Python implementation [11].

1.2.2 Moleculardynamicssimulation

Given the force eld energy expression in Equation 1.29 and initial coordinates and veloc-

ities, the time evolution of a classical molecular systems can be described using Newton's
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second law:
F = ma, (1.35)

whereF, m, anda are the force, mass and acceleration, respectively. In differential form,
Newton's second law can be written as:

dav __ d*r

=M (1.36)

whereV is the potential energy.

Various algorithms can be used to integrate Newton's equation and obtain the positions
and velocities at time given initial positions and velocities at timg. However, for sim-
ulations at constant temperature, an alternative stochastic equation of motion, called the

Langevin equation, is often used:

d?r dv ad P——
M= g gt 2KeTR(), (1.37)

where is a friction coef cient, kg is the Boltzmann constant, is the temperature, and

R(t) is a random force. The pressure can also be controlled during an MD simulation,
for example using a Monte Carlo algorithm for scaling the volume [12]. With such ap-
proaches, simulations at constant volume and temperature (NVT) or at constant pressure
and temperature (NPT) can be performed.

The van der Waals and electrostatic terms, shown in Equation 1.33 and Equation 1.34,
are typically modi ed in MD simulations to lower their computational cost. Van der Waals
interactions, which decay rapidly, are truncated at a given cutoff distance, and a switching
function is often used to smoothly turn off the interaction. In contrast, electrostatic inter-
actions are long-range and therefore truncating the interactions introduces sizable errors.

For simulations employing periodic boundary conditions, electrostatic interactions beyond
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a given distance are commonly calculated using Ewald sum methods, which can recover

the complete electrostatic energy.

1.2.3 Conformationakearch

Given their low computational expense, MM methods are routinely used for exploring the
potential energy surface of small molecules and locating energy minima. Various confor-
mational search algorithms can be used to explore the potential energy surface of a given
system. Systematic search comprehensively samples all degrees of freedom, but with an
exponential increase in the sampling space with the increase in the number of degrees of
freedom. By contrast, random search samples one or more degrees of freedom, chosen ran-
domly, at a given step, and terminates after a speci ed number of steps. Between these two
extremes, ef cient conformational search sometimes utilizes more advanced approaches,
such as the Monte Carlo and genetic algorithm methods, for sampling the minimum energy
con gurations of a potential energy surface. These conformational search algorithms, with
certain modi cations, are used in the context of this thesis for the prediction of the structure

of nucleic acid oligomers.

1.3 The Mathematical Description of Nucleic Acid Structure

In two chapters of this thesis, the structure of nucleic acids is analyzed in terms of standard
parameters for describing nucleobase orientation and backbone conformation. For nucle-
obase orientation, one local step scheme and one global helical scheme are commonly used
to describe the stacking geometry. Additionally, the relative orientation of the bases in a
base-pair can also be speci ed mathematically [13]. The rigid, planar con guration of the
the nucleobases makes such rigorous description possible. Alternative nucleobases that are
suf ciently similar to the canonical nucleobases (i.e. adenine, cytosine, guanine, thymine,
uracil) can also be described using this approach. The detailed mathematical equations

for this description is available in the literature [14, 15, 16, 17, 18]. This mathematical
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Figure 1.1: Helical, step, and base-pair parameters describing the orientation of nucle-
obases in a system. Positive values of the parameters are illustrated. The images are gener-
ated using the 3DNA package [19].

description can be used to analyze the structures of nucleic acids obtained, for example,
through molecular dynamics simulations. The mathematical description can also be used
for constructing nucleic acid systems with a precise base-pair orientation. The helical, step,
and base-pair parameters are depicted in Figure 1.1.

The conformation of the DNA and RNA backbone can also be described mathemati-
cally in terms of the backbone torsional angles, which are the most exible degrees of free-
dom [16]. Speci cally, there are torsional angles that describe the internal conformation
of the (deoxy)ribose sugar (called the sugar pucker), and there are parameters that describe
the other torsional angles in the backbone. These parameters are depicted in Figure 1.2
for a (deoxy)ribose-phosphate backbone. For nucleic acid analogs which have alternative

backbones, the description of the backbone torsional angles will be different.

1.4 Organization of Thesis

The following four chapters of the thesis discuss our work on the structure of nucleic acids
and their analogs. Chapter 2 introduces the proto-Nucleic Acid Builder, a general pro-

gram for modeling nucleic acid analogs. Chapter 3 discusses the self-assembly between
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Figure 1.2: Torsional parameters for a (deoxy)ribose-phosphate backbone.

DNA/RNA and cyanuric acid and the formation of a novel noncovalent helicene structure.
Chapter 4 analyzes the structure and noncovalent interactions of self-assembled hexam-
eric rosette supramolecular polymers consisting of triaminopyrimidine and cyanuric acid.
Finally, Chapter 5 introduces electrostatically embedded symmetry adapted perturbation
theory, a theoretical method that can extend the application of SAPT to large DNA or pro-
tein systems.

The next four chapters are adapted from the following rst-author publications or manuscripts

in preparation:

» Chapter 2: A. Alenaizan, J. L. Barnett, N. V. Hud, C. D. Sherrill, and A. S. Petrov,
“The proto-Nucleic Acid Builder: a software tool for constructing nucleic acid analogs,”

Nucleic Acids. Resvol. 49, no. 1, pp. 79-89, 2021.

e Chapter 3: A. Alenaizan, K. Fauch, R. Krishnamurthy, and C. D. Sherrill, “Non-
covalent Helicene Structure between Nucleic Acids and Cyanuric ACidgm. Eur.

J., vol. 27, no. 12), pp. 4043-4052, 2021.

» Chapter 4: A. Alenaizan, C. H. Borca, S. C. Karunakaran, A. K. Kendall, G. Stubbs,
G. B. Schuster, C. D. Sherrill, and N. V. Hud, “X-ray Fiber Diffraction and Com-

putational Analyses of Stacked Hexads in Supramolecular Polymers: Insight into
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Self-Assembly in Water by Prospective Prebiotic Nucleobase#m. Chem. Soc.
Accepted.

» Chapter 5: A. Alenaizan, D. L. Cheney, and C. D. Sherrill, “Electrostatically Em-
bedded Symmetry Adapted Perturbation Theory,” In preparation.
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CHAPTER 2
THE PROTO-NUCLEIC ACID BUILDER: A SOFTWARE TOOL FOR
CONSTRUCTING NUCLEIC ACID ANALOGS

This chapter is adapted from: A. Alenaizan, J. L. Barnett, N. V. Hud, C. D. Sherrill, and A.
S. Petrov, “The proto-Nucleic Acid Builder: a software tool for constructing nucleic acid
analogs,’Nucleic Acids. Resvol. 49, no. 1, pp. 79-89, 2021, and the supplementary

information available therein.

2.1 Abstract

The helical structures of DNA and RNA were originally revealed by experimental data.
Likewise, the development of programs for modeling these natural polymers was guided
by known structures. These nucleic acid polymers represent only two members of a poten-
tially vast class of polymers with similar structural features, but that differ from DNA and
RNA in backbone or base. Xeno nucleic acids (XNAs) incorporate alternative backbones
that affect the conformational, chemical, and thermodynamic properties of XNAs. Given
the vast chemical space of possible XNAs, computational modeling of alternative nucleic
acids can accelerate the search for plausible nucleic acid analogs and guide their rational
design. Additionally, a tool for the modeling of nucleic acids could help reveal what nucleic
acid polymers may have existed before RNA in the early evolution of life. To aid the devel-
opment of novel XNA polymers and the search for possible pre-RNA candidates, this ar-
ticle presents the proto-Nucleic Acid Builder (https://github.com/GT-NucleicAcids/pnab),
an open-source program for modeling nucleic acid analogs with alternative backbones and
nucleobases. The torsion-driven conformation search procedure implemented here predicts
structures with good accuracy compared to experimental structures, and correctly demon-

strates the correlation between the helical structure and the backbone conformations in
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DNA and RNA.

2.2 Introduction

DNA and RNA have divergent biological roles despite seemingly minor variations in the
chemical structures of their nucleotide components. To rationalize this remarkable fact,
xeno nucleic acids (XNAs), which consist of chemically modi ed backbones, are increas-
ingly being explored [20, 21]. In the origin of life eld, XNAs are explored as more prim-
itive, self-assembling polymers [22]. XNAs are also being studied in the eld of synthetic
biology as alternative information carriers capable of evolution [23, 24, 25], and are also
being pursued for their biomedical and material applications [26, 27, 28, 29, 30, 31, 32].
XNAs display a wide range of physical and chemical properties [20, 21]. For example,
glycol nucleic acids (GNA) [33] comprise a exible three-carbon sugar in the backbone,
while the locked nucleic acid (LNA) [34] backbone is highly restrained. Peptide nucleic
acids (PNA) [35] have an electrostatically neutral backbone with amide linkages instead
of phosphodiester linkage. These variations in the backbone properties drastically impact
the structure and stability of XNAs and tune their ability to self-hybridize or to pair with
their natural counterparts [20, 21]. The structures of XNAs vary from those resembling the
canonical A- and B-forms of RNA and DNA [21] to those adopting other types of helices,
such as the P-helix in PNA [36] and the N- and M-helices in GNA [37]. Modifying the
nucleobases is another dimension for exploring nucleic acid analogs [27]. It ranges from
limited alteration of the nucleobases, such as methylating atom 5 in cytosine which occurs
naturally [38], to introducing new nucleobases and expanding the genetic alphabet [39, 40].
The search for alternative nucleic acids may also be extended to examining the self-
assembly of alternative nucleobases or the interaction between natural and synthetic nu-
cleobases. For example, poly-adenosine strands have been shown to self-assemble in the

presence of cyanuric acid, in a proposed hexameric pattern{#Lirthermore, alternative

1Chapter 3 studies this system in details and shows that the system in fact adopts a noncovalent helicene
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Figure 2.1: Chemical structures of the canonical and selected alternative nucleic acids. (a)
Examples of alternative nucleic acid backbones. (b) The canonical nucleobases and two
examples of alternative nucleobases that can be incorporated into a nucleic acid duplex.
(c) The hypothetical assembly of three adenosine oligomers and an alternative nucleobase,
cyanuric acid, in a hexad geometry. (d) The assembly between oligomers of two alterna-
tive nucleobases and the formation of a hexameric structure. (LNA: locked nucleic acid;
CeNA: cyclohexene nucleic acid; GNA: glycol nucleic acid; PNA: peptide nucleic acid;

P: 6-amino-5-nitro-2(1H)-pyridone; Z: 2-amino-imidazo[1,2-a]-1,3,5-triazin-4(8H)-one; I:
cyanuric acid; E: aminopyrimidine)

nucleobases aminopyrimidine and cyanuric acid, among others, have been shown to self-
assemble into hexad structures [42, 43, 44, 45, 46Jigure 2.1 shows various examples
of nucleic acid analogs.

Many software programs for general analysis and prediction of DNA and RNA struc-

tures are available to nucleic acid researchers [47, 48, 49, 50, 51, 52, 19, 53, 54, 55, 16,

56, 57, 58]. In contrast, computational investigation of alternative nucleic acids has largely

structure instead of the proposed hexad structure.
2Chapter 4 explores the structure of noncovalent hexad assembly consisting of triaminopyrimidine and
cyanuric acid.
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been limited to the study of speci ¢ XNA systems e.g. through molecular dynamics simu-
lations [59, 60, 61, 62, 63, 64, 65, 66, 67, 68, 69, 70, 71]. Broad explorations using coarse
grained modeling [72] and chemoinformatic tools [73] have only recently been utilized.
However, no general purpose software for modeling alternative nucleic acids is available to
the scienti c community. The availability of computational tools for modeling alternative
nucleic acids will help accelerate the search for viable candidates and guide the experi-
mental and computational design of nucleic acids with desired properties. For example,
Open Babel can build DNA and RNA structures with a user-speci ed number of bases per
turn, and using a xed nucleotide geometry for the canonical nucleobases [74]. 3DNA can
construct various pre-de ned nucleic acid models [19]. It can also construct sequences of
nucleobases with user-de ned helical parameters and an approximate DNA or RNA back-
bone. The Nucleic Acid Builder is a language that can be used to construct complex nucleic
acid structures [75]. However, these tools are designed for modeling DNA and RNA and
do not support the modeling of nucleic acid analogs.

In this article, we present the proto-Nucleic Acid Builder (pNAB), a free and open-
source software tool for constructing alternative nucleic acid structures with arbitrary backbone-
nucleobase combinations (available at: https://github.com/GT-NucleicAcids/pnab). The
key feature of the proto-Nucleic Acid Builder is the addition of a backbone candidate onto
a pre-existing core of nucleobases (or their analogs). The initial construct is further sub-
jected to a structural optimization through a conformational search, and a discrimination of
the backbone candidate. Thus, the construction of the polymers might be viewed as being
“inside-out”, allowing for various backbones to be attached to the same core of the stacked
nucleobases (or their analogs).

The program constructs nucleobases with user-de ned helical parameters. It then per-
forms a conformational search over non-restricted dihedral angles of the putative nucleic
acid backbone to nd conformations compatible with the helical structures using one of

several available search algorithms. General force elds are used to evaluate the energies of
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proposed nucleic acid candidates. We discuss the algorithm and software implementation,
and then present a few examples of the utility of the program for constructing structures

of nucleic acid analogs. We show that the program can reasonably reproduce experimental
structures and can correctly predict expected trends for the correlation between the helical

con gurations of DNA and RNA and their backbone conformations.

2.3 Methodology

2.3.1 Generaideas

The general algorithm is illustrated in Figure 2.2 (a). Brie y, the user provides the three-
dimensional (3D) chemical structures of the building blocks for the polymers (nucleobases
or their analogs and putative backbone linkers) as input and indicates the linking atoms
(Figure 2.3). The user also de nes xed and variable helical parameters that describe the
orientation of nucleobases in nucleic acid strands [76, 13, 14] (Figure 1.1) and can option-
ally x any torsion in the backbone. Lastly, the user speci es the conformational search
algorithm options, the desired sequence, and the number of strands. The program then initi-
ates a torsion-driven search for backbone con gurations that are compatible with the given
helical con guration. Once a plausible backbone conformer is obtained, the algorithm
generates a 3D structure of an oligomer (of a given length and sequence) and evaluates its
energy. The methodology can be used to construct single-stranded and duplex structures as
well as more complex structures up to hexads.

Several torsion-driven conformation search algorithms are implemented in the program,
including the systematic, random, Monte Carlo, and genetic algorithms [77]. General force
elds are used to evaluate the energy of plausible candidates [9, 78]. Candidates are ac-
cepted or rejected depending on whether they satisfy ve energy terms: The energy of (1)
the bonds and (2) angles between the nucleotides; (3) the energy of exible torsions in the
backbone; (4) the van der Waals energy of the whole system; and (5) the total energy of the

whole system.
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Figure 2.2: (a) The algorithm implemented within the Builder for predicting alternative
nucleic acid structures. (b) The architecture of the proto-Nucleic Acid Builder software.

The main limitation of the algorithm is that the program can only generate a regular
structure with identical helical parameters and backbone conformations across the strand.
Thus, it is not possible to generate irregular helical structures with the current program.

Additionally, effective sampling of the backbone conformation is limited to a small number

of rotatable dihedral angles in the backbone.
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2.3.2 Algorithmic details

Specifying the nucleobase and backbone geometries

The program takes the geometries of isolated nucleobases and backbone molecules and
constructs nucleic acid strands with arbitrary sequence. For the DNA and RNA nucle-
obases, a standard frame of reference has been devised to describe nucleic acid structures
[76, 13]. The geometries of the natural nucelobases in the standard reference frame were
reported previously [13]. Other purine/pyrimidine-like nucleobase analogs can be aligned
by the program to the standard reference frame.

The proto-Nucleic Acid Builder also has an option to model more complex rosette-
like polymers that contain a hexameric unit of nucleobase analogs in their core with a
three-fold symmetry. These special nucleobases (like cyanuric acid or aminopyrimidne)
possess two edges for hydrogen bonding (Figure 2.1). The standard frame of reference
for the hexads requires that the origin be placed at the center of mass of the hexad plate
and the nucleobases be in the xy-plane. If an anti-parallel con guration is desired for any
strand in the hexad, the x-axis should pass through the center of mass of the nucleobase.
The provided nucleobase geometries should be in the correct frame of reference, as the
program cannot automatically align provided nucleobases to the hexad frame of reference.
The program can also build systems using the hexad frame of reference but with fewer
strands, such as duplexes and triplexes.

The provided backbone geometry is independent of the reference frame. Upon con-
struction of a monomer, a bond between a nucleobase and a backbone is created. The
bond length of the glycosidic bond (e.g. N1 Figure 2.3) or its equivalent for alter-
native backbones is determined by the van der Waals radii of the bonded atoms scaled by
a factor depending on the bond order. It can also optionally be set by the user. This bond
length is speci ed only for the rst nucleotide in the strand. The bond length in the other

nucleotides is determined by the periodic conditions for the nucleobases and backbone
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Figure 2.3: (a) An example nucleotide unit showing the rotatable bonds in the backbone.
(b) The distance threshold de ning whether a backbone conformer can form a reasonable
structure. (c) An acceptable conformer where the distance is small.

as discussed below. The nucleobases and backbone molecules must have the appropriate

number of hydrogen atoms.

Specifying the helical parameters

To perform the geometric transformations of the nucleobases in the core, we use the in-
ternal coordinate frame originally proposed by Lavery and Sklenar [14], which was later
formulated in a general matrix scheme [17, 18]. Within this framework, the position and
the orientation of a base pair can be uniquely de ned by the three translational degrees
of freedom (x-displacement, y-displacement, and helical rise) and the three rotational de-
grees of freedom (inclination, tip, and helical twist), depicted in Figure 1.1 with respect to

a global helical axis. An alternative local axis frame uses the relative orientation between
the nucleobases to describe the nucleic acid structure. In this scheme, the translational
parameters are the shift, slide, and rise, while the rotational parameters are tilt, roll, and
twist. Both schemes are implemented in the program. Additionally, six degrees of freedom
describing the orientation of nucleobases in a base pair, as depicted in Figure 1.1, can also
be speci ed by the user. The hexameric proto-nucleic acids have a higher symmetry than
DNA and RNA. Thus, only the rise and the twist parameters are used to unambiguously

describe the geometry of nucleotides within the hexads.
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The Builder is designed to generate regular polymers. This implies that the same set
of helical parameters is used for each nucleobase within the strand. Typically, nucleobase
steps within the oligomers adopt similar relative orientations despite some variations in the
helical parameters across the strand [13]. However, there are known cases when polymers
exhibit a more complex periodic pattern. For example, Z-DNA and N-type GNA have a
repeating unit of two base pairs [79, 37]. Such systems cannot be modeled by our current
algorithm.

The choice of appropriate helical parameters depends on the chemical structure of the
backbone. RNA and DNA are normally organized in the canonical A- and B-form, respec-
tively, while XNAs can adopt a variety of helical structures [21]. We recommend using
reported experimental structures as a guide for choosing starting helical con gurations.
Structures available in the Protein Data Bank [80] or the Nucleic Acid Database [81] can
be analyzed by programs such as 3DNA [19] or its web server [55] to extract average heli-
cal parameters. In our algorithm, users can specify single values or ranges of values for the
helical parameters. When ranges are provided, the algorithm uses uniformly spaced points
to search over the helical parameters.

After the user speci es the helical parameters, the algorithm performs conformation
search over the backbone for each helical con guration. Because the search over each he-
lical con guration is completely independent in our algorithm, this step is embarrassingly
parallel and can be distributed over the available cores, when multiple cores are available,

resulting in a signi cant decrease of the search time.

Backbone conformation search

Upon setting up the helical parameters, the next step is to determine the conformations
of the backbone, if any, that are compatible with the speci ed helical con gurations. The
program will construct a single nucleotide unit based on the user-provided structures and

sample backbone conformations by varying torsional angles. The program will keep all the
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bond distances and bond angles xed, while sampling unconstrained dihedral angles in the
backbone.

In a regular ideal polymer, the backbone conformation is identical in all the nucleotides
in the strand. Thus, the program performs conformational search over one nucleotide unit
(with its imaginary neighbors to match the boundary conditions (Figure 2.3) and then repli-
cates the backbone conformation across the strand. This approach reduces the complexity
of the conformational search for the given backbone to the number of conformers within a
single nucleotide. Thus, a polymer of any length with a desired sequence can be constructed
at the end of computations.

The computational cost of generating a polymer is primarily de ned by the complex-
ity of the backbone candidate. Speci cally, the computational cost of the conformational
search depends on the number of rotatable dihedral angles in the backbone. The size of
possible conformations increases exponentially as a function of the rotatable dihedral an-
gles. Therefore, the development of ef cient conformational search approaches is a key
part of our algorithm. The total size of the entire polymer also impacts the cost of energy
evaluation as discussed below. However, since the energy of the system is not computed at
every conformation search step, the algorithm can ef ciently construct large nucleic acid
systems.

The essential goal of the search algorithm is to nd an energetically favorable confor-
mation for a monomer (with a putative backbone) that would be geometrically connected
with the adjacent monomer avoiding any steric hindrances. Thus, the program tracks a
distance between the atoms in the adjacent monomers that would be superimposed on top
of each other (for example, the &&om of the central nucleotide and the O5T atom of its
neighbour, treated as an image as shown in Figure 2.3). Thus, the algorithms search for the
lowest energy conformation for which the distamde close to zero.

For all the algorithms, a backbone con guration is considered acceptable at this stage

if the distancer for the conformer is less than a user-de ned threshold (e.g.A).8If
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this distance threshold is satis ed, the backbone conformation is provisionally accepted,
and its energy is evaluated as described below. This procedure is applied for any proposed
backbone regardless of the identity of the terminal atoms. Upon a convergence below the
distance threshold, the capping groups are removed and the new bond between the adjacent
monomers is created. We note that one of the torsions (torsional angteshown by the
example depicted in Figure 2.3) may be slightly affected by this closing proceduée(f
However, given the small value of the thresho]dhe values of the original and adjusted
values of the torsional angleare very similar.

To improve the conformational search in various systems, we have implemented six
search algorithms grouped in four classes: 1) systematic search, 2) uniform or weighted
random search, 3) uniform or weighted Monte Carlo search, and 4) genetic algorithm
search.

The conformers are generated by sampling the exible dihedral angles in the backbone.
For the DNA backbone shown in Figure 2.3, four torsions are sampled. Users can op-
tionally x any of the rotatable dihedral angles during the conformation search. Torsions
involving cyclic groups are not sampled. Accordingly, the sampling algorithm preserves
the CZ-endo sugar pucker of the DNA backbone shown in Figure 2.3. Below we discuss

each of the search algorithms.

Systematic search The systematic search algorithm exhaustively rotates all the dihedral
angles between 0 and 360sing a given step size. This is the simplest search algorithm,
provided that all degrees of freedom are sampled suf ciently. The sampling may be very
time consuming for systems with a large number of degrees of freedom. This algorithm is
deterministic and is guaranteed to nd an acceptable candidate, if any exists, to within the
given resolution. However, this algorithm may not obtain any conformers, if the angular
step is too coarse. Thus, the systematic search algorithm can be used to validate the results

of the other algorithms, provided that a suf ciently ne grid is used in the search, when the
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number of rotatable bonds in the backbone is small. For systems containing a large number

of degrees of freedom, the alternative algorithms listed below may be more ef cient.

Random search At every iteration, this algorithm sets all the dihedral angles in the back-
bone to random values. This algorithm is purely random and each iteration is completely
independent from the previous iteration. This algorithm may nd solutions faster than the
systematic search algorithm. The sampling nishes after a speci ed number of iterations.
The probability of choosing a random angle between 0 and 880 be uniform or can be

weighted. The weighting scheme for the dihedral angles is discussed below.

Monte Carlo search The algorithm utilizes the Metropolis Monte Carlo scheme to im-

prove the choice of the dihedral angles. At every iteration, this algorithm randomly chooses

two dihedral angles and sets them to random values. If the new con guration decreases the

distancer between the head atom of the backbone and the tail atom of the adjacent back-

bone, this step is accepted. The step is also accepted if the distambelow 1A, so

that the program does not minimize the distance at the expense of nding high energy con-

formers. If the new con guration does not decrease the distance, the step is accepted if a

random number between 0 and 1 is less tdam(kBiT), whereE is a penalty term based on

the distance, anklz T is the Boltzmann constant multiplied by the temperature. If the step

is accepted, the system is constructed and the energy terms of the system are computed (see

below). The algorithm nishes after the speci ed number of iterations. The penaltyEerm

is given byE =  k(current distance previous distandg, wherek is a bond stretching

constant xed at 300 kcal mot A °. The temperature, which is a user-de ned parameter,

controls how aggressively the algorithm should provisionally accept or reject steps.
Compared to the random search algorithm, this algorithm accelerates the nding of

dihedral angles that satisfy the distance threshold. However, the distance threshold only

indicates that the candidate backbone con guration can form a periodic structure. It does

not indicate whether the backbone con guration is low or high in energy. As in the random
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search algorithm, the probability distribution for the dihedral angles may be uniform or

weighted.

Genetic algorithm search This algorithm utilizes the genetic algorithm procedure [77]

to improve the choice of the dihedral angles. A population of rotamers is initialized with
random dihedral angles. At each iteration, certain rotamers are chosen for reproduction
based on their tness. New rotamers are generated by allowing two parents to exchange
one dihedral angle. Then, a random mutation introducing a new value for one dihedral
angle may be applied. The procedure is repeated for the speci ed number of generations.
The tness of the individuals is computed as the inverse of the distabeéveen the head

atom of the backbone and the tail atom of the adjacent backbone. The individuals in the
population are ranked by their tness score, and the probability of choosing individuals for
mating is proportional to their ranking. The exchange of the dihedral angles between the
parents and the introduction of new dihedral angles is determined by user-de ned crossover

and mutation probabilities.

Weighting scheme Instead of using a uniform distribution for the dihedral angles be-
tween 0 and 360for random and Monte Carlo searches, a weighted distribution for each
rotatable dihedral angle in the backbone can be used. The energy of each dihedral angle in
isolation is computed every 5Then, the probability of choosing a given angle is computed
asexp(kg—iT):P  exp(;c'r), whereE; is the dihedral energy at angleThe probability in
each interval is the linear interpolation of the probabilities at the limits of the interval.
The user-de ned temperature controls how aggressively the algorithm should weight the
dihedral angles.

This weighting scheme is useful in increasing the sampling of the dihedral angles where
the energy of the dihedral angle is low (within a given force eld). However, the energy of
the dihedral angle in isolation does not necessarily translate to the overall nucleotide energy

being low. This weighting scheme may improve the search if the acceptable candidates

29



adopt structures where the dihedral angles are not strained.

Generation and evaluation of nucleic acid structures

After nding a backbone conformation that satis es the distance criteria, the algorithm
generates a 3D structure for an oligonucleotide of a given sequence. Decoupling the ge-
ometric and energy criteria allows the rapid sampling of backbone conformations without
incurring the cost of computing the energy at every step.

The nucleic acid strand is constructed by replicating the candidate backbone confor-
mation across the strand and removing atoms and forming bonds between the nucleotides
appropriately. In the example nucleotide shown in Figure 2.3, the capping O5T atom is re-
placed by the periodic image of the &8om and the capping hydrogen atoms (not shown)
are removed. The strand can consist of arbitrary base sequence, and can adopt either the
standard nucleobase reference frame or the hexad frame. For an anti-parallel duplex struc-
ture, the second strand is generated by appropriately re ecting the geometry of the rst
strand and replacing the sequence of the nucleobases of the rst strand by the complemen-
tary sequence. For hexads, other strands are generated by rotating the rst strand multiples
of 60 following appropriate re ections, if requested, to generate any combination of par-
allel and anti-parallel strands. The nucleobases in the hexad are also replaced by their
complementary nucleobases in three alternating strands. Users can choose which strands
to build and which to ignore. Therefore, duplexes or triplexes that adopt the hexad frame
of reference can also be built.

After constructing the nucleic acid structures, the algorithm computes ve energy terms
to determine whether a given structure is accepted or rejected. These energy terms are
computed sequentially in the order of their computational cost and compared against the
user-de ned thresholds. If any of the energy criteria is not satis ed, the candidate structure
is rejected without further computation of the remaining energy terms.

The ve energy terms are the following:

30



» The energy of the bond between the rst nucleotide and the second nucleotide. This
energy is computed only once as this bond is identical for all the nucleotides in the
system. For the example nucleotide shown in Figure 2.3, this would be the energy of

the bond between the periodic image of’@Bd P.

» The energy of all the new angles formed between the rstand the second nucleotides.
This energy is also computed once as it is identical across the system. This would
be the energy of all the angles formed between the periodic image%PCshd the

other oxygen atoms connected to P.

» The energy per nucleotide of all the rotatable torsions in the backbone. This does not
include any torsional angles involving two separate nucleotides as these angles are

not rotated in our scheme.

* The total van der Walls energy per nucleotide computed for all the strands in the

system.
* The total energy per nucleotide computed for all the strands in the system.

If a nucleic acid candidate satis es all the user-de ned criteria for these ve energy terms,
then the candidate structure is accepted. The energy thresholds are set by the user, and
should balance the number of candidate structures accepted with the number of candidate
structures that exhibit acceptable geometries.

The energy terms for the isolated (gas-phase) nucleic acid systems are computed using
general force elds, such as the General Amber Force Field (GAFF) [9] and the Merck
Molecular Force Field (MMFF94) [78]. This allows the search algorithm to be applied
to arbitrary nucleic acid structures. The total energy of the system and its components
may vary signi cantly depending on the choice of the force eld, and therefore energy
thresholds must be tuned for a particular force eld. Further re nement of the structures

identi ed by proto-Nucleic Acid Builder using other programs for energy minimization or
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molecular dynamics simulation with carefully parameterized force elds may be required
to con rm the stability of a given nucleic acid candidate.

In sum, backbone conformations that are compatible with the user-de ned helical pa-
rameters are replicated across the strand. Then, the energy of a nucleic acid oligonucleotide
candidate is computed, and the candidate is accepted or rejected according to whether it

satis es the user-de ned thresholds.

Summary of the protocol for using the proto-Nucleic Acid Builder

To identify possible nucleic acid backbone structures for a user-de ned backbone chemical

structure and speci ed helical parameters, a user must complete several steps:

» Select available 3D structures for the nucleobases and backbone candidate, or upload
them, if they are not available in the program library. The nucleic acid sequence and

the number of strands must also be speci ed.

» De ne xed and variable helical parameters, and specify a sampling range for the
variable helical parameters. Experimentally reported data should be used as a guide

for choosing the initial helical parameters, if available.

» Select the algorithm for the conformational search of the backbone candidate. The
systematic search algorithm is useful when the number of degrees of freedom in the
backbone is small (e.g= 6). Other search algorithms, such as Monte Carlo search,
should be used when the number of rotatable bonds in the backbone is large or if

more ef cient sampling is desired.

» Adjust the energy thresholds to obtain reasonable nucleic acid structures. Lower
thresholds, especially for the bond and angle energies, can signi cantly accelerate
the conformation search. Selection of high thresholds may apparently speed up the
time required for simulations. However, the choice of the high thresholds may result

in the fast production of conformations that would not be stable within a framework
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of a conventional classical molecular dynamics simulation and/or in experimental

settings.

2.4 Software Implementation

2.4.1 Generaideas

The proto-Nucleic Acid Builder is a free and open-source program licensed under the
GNU GPL license. It is available in the public GitHub repository at https://github.com/
GT-NucleicAcids/pnab, which includes the source code, code documentation, and a user
manual. The program can be installed usingdbeda package manager, and all the de-
pendencies can be satis ed througgnda . It is available for the Linux, MacOS, and Win-

dows operating systems. The program provides a library of the coordinates of the canoni-
cal nucleobases in their standard frame of reference and the coordinates for the canonical
DNA and RNA backbones. It also provides coordinates for the non-canonical nucleic acids
discussed below. Example input les to generate the structures discussed below are also
included with the package. Users can use an online server for trying the package or quickly
constructing starting models without having to install the program.

As shown in Figure 2.2 (b), the program consists of three components: 1) A C++
library for the manipulation of the molecules and computation of energies, utilizing tools
from the Open Babel program [74], 2) A Python library for managing the computations and
reporting the results, interfaced with the C++ code using pybind11 [82], and 3) a Jupyter
notebook [83] graphical user interface for specifying user-input and visualizing the results,
utilizing the NGLView library [84] (Figure 2.4). The graphical interface can be tried online
using the binder project [85].
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2.4.2 Implementatiordetails

The C++ library

The C++ library requires the Open Babel package [74]. Open Babel is used to perform
three main tasks: 1) reading and writing the three dimensional geometries of nucleic acid
oligomers and their building blocks, 2) providing the infrastructure for performing the con-
formational search, and 3) computing the energies of the nucleic acid candidates using
general force elds, such as MMFF94 [78] and GAFF [9]. T@BBConversion class of
Open Babel is used to read the geometries of the nucleic acid components. This allows
reading the geometries in many different formats, such as the PDB or mol2 formats. The
OBMol class is used for storing and manipulating the geometries of nucleic acid candidates.
The OBRotorList andOBRotor classes are used to identify the rotatable dihedral an-
gles and to perform the conformational search. However, the built-in conformation search
tools in Open Babel are not used in our program, as custom search algorithms are imple-
mented in our code. Th@®BForceField class is used for computing the energies of
nucleic acid candidates.

The C++ library consists of two main classes for performing the conformation search
and generating the nucleic acid structures,@loaformationSearch and theChain
classes. The rst class is used for searching over the dihedral angles of the backbone,
while the second class is used for constructing the nucleic acid strands and evaluating their
energies. When a candidate structure satis es the distance and energy criteria, it is saved to
the disk in the PDB format. Additional C++ classes are used for holding the user-de ned

options and performing related functions.

The Python interface

To allow users to easily perform the conformation search and integrate it into other pipelines,

the code exposes certain C++ classes to the Python language, using the pybind11 project

34



[82]. The Python interface facilitates the interaction between the user and the C++ library
and automates the search over many helical con guration and the reporting of the results.
The main Python class in the interface is idABclass. With this class, generating nucleic

acids structures requires a few lines of codes in Python.

import pnab

run = pnab.pNAB("options.yaml|")

run.run()

The pNAB constructor takes a path to an input le written in the standard YAML format

as an argument. All the user options are validated, and default values are provided for the
missing options. Theun function calls the C++ library through the pybind11-exported
classes and functions. Output les containing the structural and energetic properties of
the accepted candidates are written. These data are also accessible in the program through
severapNABmember variables. For calculations requiring the search over different helical
parameters, the independent computations are parallelized across the available processors

in the computer using theultiprocessing Python library.

The graphical user interface

To further increase the user-friendliness of the proto-Nucleic Acid Builder, we have created
a graphical user interface for specifying the inputs and visualizing the results. The graphical
user interface is written using the ipywidgets library and can be visualized in a Jupyter
notebook [83]. Visualization of molecules is performed using the NGLView library [84].
Figure 2.4 shows a snapshot of the graphical interface. The graphical user interface of the
program is accessible online through the Binder project [85]. This project provides free
(but limited) cloud computing facilities which can be leveraged for running this program
online. Users can utilize this online version for trying the program or for quickly generating

nucleic acid structures.
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Figure 2.4: A snapshot of the graphical user interface.
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2.5 Results and Discussion

Here we present proto-Nucleic Acid Builder modeling results for DNA and RNA, as well

as for several non-canonical nucleic acid analogs. The chemical structures of the monomers
used for the example calculations are provided in Figure 2.1. The majority of examples pre-
sented here can be compared against experimentally determined structures that are avail-
able in the Protein Data Bank [80]. We have tested and benchmarked various backbone
torsion search algorithms for their ef ciency and accuracy. Structures generated by the
Builder were superimposed with the experimental structures, when available, using the Py-
Mol program [86]. Images were generated using the VMD program [87]. Input les to
generate these structures are included with the package. Overall, the results of modeling
demonstrated that the Builder is capable of sampling the backbones and generating the
oligomeric structures with a good accuracy against the experimental structures. Thus, the
modeling capabilities can potentially be expanded to building blocks consisting of arbitrary
nucleobases and backbone linkages with random nucleobase sequences.

We also performed an in-depth examination of the conformational searches for the
canonical RNA and DNA, and explored the sampling of various helical parameters for
these two systems and the role of the geometrical constraints imposed by the sugar puckers
of the (deoxy-)ribose phosphate backbone linker. Our results show the signi cant effect of
the input sugar pucker on the nal conformation of the output backbone. Correlation of the
pucker and the overall helical conformation (A- or B-forms) indicates a strong coupling
between the backbone and helical parameters. Additionally, we modeled two examples of
non-conventional nucleic acid analog structures that have been proposed to adopt a hexad
geometry (Figure 2.1 (c) and (d)).

For comparing the conformation search algorithms, we have used the systematic search
algorithm with a 2 angular resolution to exhaustively sample the backbone conformations.

For the other search algorithms, we terminated the searchl@ftsteps. The running time
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Table 2.1: Force elds and distanc&d)( and energy threshold values (kcal mbl
nucleotide ') used for comparing the conformation search algorithms

System| Force eld Distance Bond Angle Torsions VDW
DNA MMFF94 0.8 0.5 25 4.0 50
RNA MMFF94 0.8 0.5 25 4.0 50
FRNA GAFF 0.8 0.5 25 4.0 10
LNA MMFF94 0.8 0.5 25 4.0 50
PNA GAFF 0.8 0.5 25 6.0 10
CeNA GAFF 0.8 0.5 2.5 4.0 10
5MC MMFF94 0.8 0.5 25 4.0 50
ZP MMFF94 0.8 0.5 2.5 4.0 50

can take from seconds to hours depending on the search algorithm and the system. Identical
energy and distance criteria were used for all the search algorithms, and all the conforma-
tions that have satis ed the criteria, whose numbers vary depending on the algorithm, were
stored and analyzed. Table 2.1 lists the force eld and the distance and energy thresholds
used for the various systems. Total energy threshold was set to large values in all cases. The
thresholds for a given force eld were kept identical across the various systems to illustrate
the impact of the threshold on accepting candidates of different systems. The torsional
threshold for PNA was increased because it has more exible torsions in the backbone than
other systems. Benchmarking the performance of the various search algorithms in terms
of the number of conformation search steps required for nding acceptable candidates is

shown in Figure 2.5.

2.5.1 Predictingthe helicalstructureof DNA andRNA

We rst analyze the conformations predicted by the proto-Nucleic Acid Builder for the
canonical B-DNA and A-RNA structures (Figure 2.6). A xed set of helical parameters
corresponding to the canonical DNA and RNA structures are used in this example. The
polar plots (Figure 2.6 (b) and (d)) show the distribution of unrestricted torsional angles of
the backbone in the accepted candidates sampled during the conformation search using a
variety of conformational search algorithms. As can be seen from the polar plots, all search

algorithms converge to the same set of solutions, but with a varying number of accepted
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Figure 2.5: Comparison between conformational search algorithms for various nucleic acid
systems. Each dot corresponds to an accepted structure and the y-axis indicates the number
of steps required to nd it. The systematic search algorithm was performed wath a
resolution, while other algorithms were terminated aftéf steps.

candidates found in the speci ed number of steps. Such a convergence in the solutions ob-
tained by various methods illustrates that the torsion-driven approach is robust and suitable
for nding plausible backbone conformation, provided that suitable energy thresholds are
chosen. It also shows that alternative search algorithms can be used instead of the more
demanding systematic search algorithm. Furthermore, as the backbone conformations are
similar in the accepted candidates when only one family of solutions is accessible (e.g.
Figure 2.6 (b)), users might nd it suf cient to terminate the search after nding a few
candidates or to lower the number of conformation search steps.

Notably, the polar plots also show the varying exibility of the backbone torsional
angles. For both DNA and RNA, the glycosidic torsion(see Figure 2.3) is the most
constrained angle, as it largely determines the orientation of the nucleic acid backbone [88].
The program has identi ed multiple discrete families of solutions for the torsional angles

of RNA for the given energy thresholds. The variations in acceptable dihedral angles can
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Figure 2.6: DNA and RNA structures. Panels (a) and (c): Predicted structures for the
B-DNA and A-RNA conformations, respectively. The displayed structures for DNA and
RNA represent one example out of the many possible structures shown in panels (b) and
(d). Panels (b) and (d): Polar plots displaying the distribution of rotatable torsional angles
in the backbone for the accepted candidate structures obtained using various conformation
search algorithms. The lack of points for a given algorithm indicates its failure to nd a
solution in the speci ed number of steps. The angles are de ned in Figure 2.3.
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Figure 2.7: Helical parameter search for DNA and RNA over the helical rise, x-
displacement, and inclination with two sugar puckers. Each dot corresponds to an ac-
cepted candidate. The color of the dots indicates the value of the glycosidic bond torsion
for the accepted candidate. The energy thresholds are 0.5, 2.0, 3.5 and 30 (kcal mol
nucleotide !) for the bond, angle, torsion, and van der Waals terms, respectively.

be controlled by tightening the energy thresholds, if desired.

Having con rmed that the search algorithms were reliable for predicting the backbone
structure for B-DNA and A-RNA when the nucleobase helical parameters are known, we
tested the potential for the Builder to correctly predict the helical parameters of nucleic
acids based on only the conformational compatibility between the nucleobase orientation
and the backbone conformation. To evaluate this potential capability, we performed a
helical parameter search for the DNA and RNA helical structures using (deoxy-)ribose-
phosphate backbones with various sugar puckers. DNA and RNA are intrinsically opti-
mized to adopt the canonical B- and A- forms, in which the sets of the helical parameters
and the backbone conformations are mutually consistent. RNA has a strong preference for
the A-form, and DNA is predominantly found in the B-form but can also adopt the A-form.

The backbone of both the A- and B- forms contains deoxyribose in two distinct confor-
mations determined by the sugar pucker>€8do for the A conformation and &&ndo
for the B conformation. As the dihedral anglés excluded from the rotomeric search algo-
rithms due to the structural constraints, the (deoxy-)ribose-phosphate backbone is supplied
to the Builder in a given pucker state that cannot be altered upon simulations. In terms of the

helical parameters, these two forms are predominantly discriminated by three parameters:
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the helical rise, x-displacement, and inclination. Therefore, we included these parameters
as searchable variables, while the y-displacement, helical twist, tip, and base-pair parame-
ters were assigned the middle values between the A-form and B-form of DNA as reported
previously [13], and remained constant. For each combination of rise, x-displacement, and
inclination, we supplied a backbone candidate with a xed sugar pucker and performed
a conformation search using the systematic search algorithm wittsteg size. Duplex
structures with d(CGTA)sequence for DNA and r(CGUAkequence for RNA were ana-
lyzed.

As shown in Figure 2.7, the DNA helical structure is highly sensitive to the type of
sugar pucker used for deoxyribose f@2do vs C8endo). Using the two different sugar
puckers, we nd accepted candidates that are clustered around the A-form or the B-form
depending on the sugar pucker, with a greater exibility for thé-@2do pucker. As a
characteristic difference between the A- and B-form, the glycosidic angte@own in the
color plot, varies from approximately -90 to -19fbr the B- and A-forms, respectively.
These observations agree with experimental x-ray structures obtained for the DNA transi-
tion from the B- to A-form [89]. Indeed, the angle has been shown to vary continuously
from roughly -80 to -180 as DNA transitions from the B-form to the A-form. This change
in the torsional angle is accompanied by a change in the pucker state floem@2to C$
endo through intermediate ®dndo states [89]. The coupling betweemnd the helical
parameters have also been observed previously [88]. Compared to DNA, RNA adopts a far
more restricted helical parameter space for the same energy thresholds and sugar pucker
conformation. Our previous work on the energetics of DNA and RNA nucleobase stacking
interactions has indicated the greater in uence of the RNA backbone compared to the DNA
backbone in dictating the helical structures adopted by these nucleic acids [90].

Overall, this example shows that by simple consideration of van der Waals contacts and
the energies of key covalent bonds and torsional angles, the Builder can provide signi cant

limits on the space of acceptable structures for nucleic acid backbones, and in doing so
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Figure 2.8: XNA structures. Panels (a), (c), (e), and (g): Experimental structures for FRNA
duplex (PDB: 3P4A) [91], LNA duplex (PDB: 2X2Q) [92], PNA duplex (PDB: 3MBS) [93]

and RNA:CeNA duplex (PDB: 3KNC) [94], respectively, are superimposed with the struc-
tures generated by the program with the indicated RMSD values. The theoretical structure
with the lowest total energy is used for comparison. The theoretical and experimental struc-
tures are blue and red, respectively. Panels (b), (d), (f), and (h): Polar plots displaying the
distribution of rotatable torsional angles in the backbone obtained using various confor-
mation search algorithms. For the RNA:CeNA structure, the distribution is shown for the
CeNA strand. The lack of points for a given algorithm indicates its failure to nd a solution

in the speci ed number of steps.

potentially nd sets of mutually compatible helical parameters for the nucleobase core and
the backbone conformation that, at least in the case of DNA and RNA, are consistent with
known experimental structures. The spread of DNA structures can be further limited by
tightening the energy thresholds. The precise ranking of the structures in terms of the
total energy of the conformers may require specialized force elds and more advanced

simulations.
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